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Innovative growth: the role of market power and negative
selection
Hannu Piekkola and Jaana Rahko

Department of Economics, University of Vaasa, Vaasa, Finland

ABSTRACT
This paper relies on register-based statistical data from Finland to measure
broad research and development (R&D), organizational capital (OC) and
information and communication technology (ICT) investments as
innovation inputs in addition to formal survey-based R&D and CIS survey
data on innovations. The linked panel data are appropriate for a
comparison of low-market-share (small) and large-market-share (large)
firms. We analyze the productivity growth and profitability of Finnish
firms with varying market power. In contrast to high-market-share firms,
low-market-share firms are characterized by low profit derived from new
innovations. This study suggests that in addition to imitative growth, a
‘negative selection mechanism’ explains the high productivity growth
relative to the low profits.
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1. Introduction

This study examines innovations and the performance of low- and high-market-share firms, and it
incorporates a broad range of intangible capital (IC) as innovation inputs, as described in Crepon,
Duguet, and Mairessec’s (1998) (CDM) framework. The current literature contains a research gap result-
ing in the inability to fully explain why low-technology rather than high-technology firms gain pro-
ductivity from process innovations, as described by Hall, Lotti, and Mairesse (2009); see also Cohen
and Levinthal (1989). One suggested explanation is that research and development (R&D) provides
firms the absorptive capacity to recognize the value of new information, assimilate this information,
and learn from industry leaders. Firms with a low market share and young firms are also likely to be
suppressed by adjustment costs, financing frictions and uncertainties, leading to large fixed costs.
These costs may lead to a ‘negative selection mechanism’ in innovation activity, and firms with low
initial productivity and profitability invest only in innovations with the highest productivity growth.

In this analysis, similar to Griffith, Redding, and Van Reenen (2004), we introduce a productivity
growth model that accounts for initial productivity. Similar to Lileeva and Trefler (2010), the analysis
is extended to negative selection to determine how returns on innovations decrease at the initial pro-
ductivity level. Low-market-share firms face a similar challenge in both starting to enlarge markets (to
export in Lileeva and Trefler) and to invest in innovations or performing neither activity. The pro-
ductivity growth differential decreases at the initial productivity level, causing innovative firms to
engage in a negative selection toward low initial productivity. Imitative growth is the other source
of productivity growth that may not lead to greater profits. Hall, Lotti, and Mairesse (2009) also
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find that compared to R&D in high-technology SMEs, R&D in low-technology SMEs leads such firms to
invest more in process innovations, which is also explained by the firms’ ability to absorb and adopt
existing technologies through their R&D.

Negative selection does not operate the same way in high-market-share firms, which generally
have higher levels of productivity. Our analysis is also related to Schumpeterian growth, where
firms need market power to reap profits from future innovations. Innovations are performed to
earn abnormal profits but are also subjected to creative destruction (Schumpeter 1942, 1947). Inno-
vations lead to out-of-equilibrium conditions that increase profitability above the average or result in
failure (Antonelli and Scellato 2011).

We use statistical business data on manufacturing and services as well as employee data on occu-
pations, educational background and labor costs covering an annual average of approximately 2300
Finnish firms during the 1995–2013 period. These data include the Finnish Community Innovation
Survey (CIS), which is conducted every other year, and Finland’s annual R&D survey. Innovations use
intangibles (ICs) as inputs, and ICs include two ways to measure R&D investment—formal survey
data and register-based employee data—to evaluate first R&D-type work. Information and communi-
cation technology (ICT) capital is evaluated from ICT services occupations. These register-based data are
particularly important for analyzing low-market-share small firms, which are not entirely covered in R&D
survey data. Broad R&D and other ICs are thus also evaluated based on innovation work using themeth-
odology from the Innodrive 7th framework project (FP7); see Piekkola et al. (2011), Piekkola (2016), and
the Organization for Economic Cooperation and Development (OECD) study by Squicciarini and Le
Mouel (2012). Our approach is consistent with that used by Hall, Lotti, and Mairesse (2009), who
argue that a broader set of ICs is important for smaller firms because formal R&D inputs provide a
very incomplete picture of their innovation efforts. These authors consider training, technology adop-
tion and sales of products new to the market or firm essential components of downstream ICs. Here,
organizational capital (OC) includes marketing, advertising and brand management, and some of
these after-sales services are used to apply innovations in the market; see Corrado et al. (2014).

The long-term panel data with a broad set of ICs allow us to analyze the overall performance
effects in firms with varying market power. High-market-share firms dominate innovation activity,
and their profitability from innovations is higher. Low-market-share firms have high productivity
growth but low profitability with negative selection, as implied by their low initial productivity.

Section 2 provides a literature review related to R&D and the performance effects of innovations,
and section 3 presents the theoretical model of firms’ decisions regarding innovative investment.
Section 4 describes the data. Section 5 introduces the estimation methods, and section 6 presents
the results. Section 7 concludes the paper.

2. Literature review

CDM models are suitable for analyzing how markup and retained earnings affect innovation input
and output and how innovations contribute to firm performance. These models concentrate on ana-
lyzing productivity and use the following alternative measures of innovation output: share of inno-
vative sales, dichotomous variables indicating process or production innovations and patents.
Other earlier examples of this line of research using different frameworks are presented in Lööf
and Heshmati (2002), Lööf and Heshmati (2006) and Van Leeuwen and Klomp (2006). After reviewing
a larger set of studies, Hall, Mairesse, and Mohnen (2010) conclude that product innovation improves
productivity, whereas process innovation has more ambiguous effects. Process innovations that
adjust labor skills or production organization to a new level can initially be a burden to firms, nega-
tively affecting the positive effects of product innovations. However, other papers published by Mair-
esse and Mohnen (2010) and Mairesse and Mohnen (2004) argue that process innovations directly
affect the costs of production, whereas product innovations may replace existing products, resulting
in a mixed effect on sales and productivity. The mixed results are likely to be explained by a high cor-
relation between process and product innovations.
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Hall, Lotti, and Mairesse (2009) show that R&D investments increase the likelihood of product inno-
vations and process innovations, thereby improving productivity in Italian SMEs. The authors use
process innovations without product innovations; see also Mairesse and Mohnen (2010) and Jauman-
dreu and Mairesse (2017). In contrast, Hall, Lotti, and Mairesse (2009) find that process and product
innovations (analyzed separately) are nonsignificant in large Italian firms, while Griffith et al. (2006),
who use CIS data from 1998 to 2000, find that product innovations in Spain and the UK and process
innovations in France improve productivity. No clear explanation of the country variation in the
results is provided.

Recent research has exploited long-term panel characteristics and thus better controlled for het-
erogeneity and firm-specific factors. Innovation surveys are conducted every other year (except in
Germany, where such surveys are conducted annually) and can be linked to a panel of balance
sheets since product and process innovations are surveyed over the preceding two years (the
survey year and the year prior); see the short panels by Parisi, Schiantarelli, and Sembenelli (2006)
and Lööf and Heshmati (2006). More recent studies have applied two-stage least squares (2SLS)
models with this panel structure; see Lööf and Heshmati (2002), Lööf and Heshmati (2006), Hall
and Sena (2017) and Bartelsman, van Leeuwen, and Polder (2017). Using panel techniques is impor-
tant since formal R&D and process innovations are procyclical, and therefore, productivity shocks may
drive the results; for a recent study, see Anzoategui et al. (2016). Using these more advanced
methods, Hall and Sena (2017) find that product and process innovations (analyzed separately)
improve productivity in the UK. Service firms carry out less technical innovation and rely less on
formal intellectual property protection, such as patents; however, these firms may rely more on infor-
mal secrecy. Musolesi and Huiban (2010) include internal and corporate sources of knowledge into
their set of innovation inputs and find that knowledge-intensive business services (KIBS) are as inno-
vative as manufacturing firms. Hall, Lotti, and Mairesse (2013) find underinvestment in ICT in Europe.
Using the level equation and its difference form, Lööf and Heshmati (2006) find that the elasticity of
value added per employee with respect to innovations is the same between manufacturing and
service firms. Their paper also examines how innovation has different effects on the performance
of manufacturing and service firms.

Using the CDM framework, Duguet (2006) describes growth in total factor productivity (TFP) ana-
logously to growth in labor productivity, and we follow this approach. Harrison et al. (2014) also
explain employment growth, much of which is generated by the increased efficiency of existing tech-
nology and is possibly induced by process innovations. These authors find that process innovations
displace employment more in manufacturing firms and less in service firms in the following four large
economies: Germany, France, Spain and the UK. In contrast, product innovations create jobs. Van
Leeuwen and Mohnen (2017) analyze green innovations under the instrumental variable general
method of moments (IV-GMM) framework, which is also applied here.

Hall, Lotti, and Mairesse (2009) find that the impact of R&D investments on process innovation in
low-technology SMEs is larger than that in high-technology SMEs. R&D-intensive low-technology
firms have been suggested to absorb technologies developed elsewhere (Cohen and Levinthal
1989). A more in-depth analysis could explain the heterogeneity in initial productivity and analyze
broad performance, including profitability, which is our aim in this study.

In the analysis in the present paper, an important question is whether innovations are motivated
by a demand pull, a technology push or a desire to maintain monopoly power incumbents; see Mair-
esse and Mohnen (2010). This analysis requires evaluation of operational performance in combination
with financial performance, as emphasized by Venkatraman and Ramanujam (1986). Various forms of
intellectual property mechanisms are also important for maintaining profitability among innovative
firms, which we do not consider here; see also Hanel (2008). Antonelli and Scellato (2011) analyze the
methods used to obtain abnormal returns through innovation (or failure at such attempts) by refer-
ring to out-of-equilibrium conditions. Profitability allows firms to allocate resources to innovations,
corresponding to feedback from firm performance to innovation (Van Leeuwen and Klomp 2006).
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In our theoretical section, the analysis includes retained earnings to finance the large fixed costs that
IC accumulation requires.

Schumpeter considered these phenomena in relation to recessions in business cycles. The Schum-
peterian view also considers corporate or institutional factors that are important for continuing inno-
vation, such as firm size. In the extended Schumpeterian framework proposed by Aghion, Akcigit, and
Howitt (2014), a lower level of competition (higher profits) is associated with a good market position
for firms but a lower incentive to invest in innovations. At some stage, a competing firm could enter
the market, and its profits could fade. At this stage, with close competitors, the marginal incentives to
undertake incremental investment can also be high. We observe that lower profitability (neck-to-neck
competition) could then lead to a higher innovation rate. Blundell, Griffith, and Van Reenen (1999)
and other scholars also suggest that firms use ‘strategic pre-emptive’ innovation to prevent new
firms from entering the market, causing industry profits to fall.

In the following, section 3 analyses innovation decisions in a Schumpeterian framework, where
both innovations and access to new markets cause considerable fixed costs.

3. Model of firm decisions regarding innovative investment andmarket share under
the Schumpeterian framework

We are interested in fixed costs in innovations and access to new markets that may create negative
selection of high growth firms. Corrado et al. (2016) suggest that innovations are a combination of
increased IC accumulation related to new knowledge products that can be commercialized and
new technology that presents as an increase in TFP. Here, IC costs such as related to IC capital dee-
pening are embedded in the fixed costs in investing in innovative growth FN but possibly also in imi-
tative growth with no innovations FI . Mansfield, Schwartz, and Wagner (1981) find that the ratio of
imitation costs to innovation costs can be as high as 0.65 and that the average ratio of imitation
time to innovation time is 0.7. Imitation costs, in particular, may then be explained by increased IC
accumulation costs.

The models constructed by Helpman (2006) and Lileeva and Trefler (2010) analyze innovations
along with the decision to export. Consumers have constant elasticity of substitution (CES) prefer-
ences, and the market structure involves monopolistic competition. The variable input cost is
c/f0, which is the standard bundle of input costs c measured by the per efficiency unit (productivity)
f0. We compare low- and high-market-share firms with different pricing powers (perfect competition
or monopoly pricing) and different product varieties. For low-market-share firms, the profits are
p0 = pA− [c(i)/l(i)fi)]A for fixed product variety i with infinitely elastic demand (p fixed) and
market size A. Imitative growth l(i) may move the firm up the productivity ladder even without
major innovations that also include fixed costs FI . Imitative growth l(i) = a(f′

i − f0) depends on
the distance to frontier f′

i − f0, where a is the speed of adjustment, and f′
i is the higher productivity

of frontier firms. We cannot consider these innovations typical product innovations since process and
product innovations are often achieved together, as discussed later. Hence, we do not rely on
measuring innovations that are new to the market separately, as this information is available only
for product innovations (66% of products are new to the market).

Firms with large markets have pricing power, and demand for product variety i is obtained by
Y = p∗(i)−s(A+ A∗), where A∗ is the additional market, and s . 1 is the elasticity of substitution
between varieties i. The optimal price strategy is p(i) = c(i)/af′

1(i), where a ; (s− 1)/s. In the stat-
istical analysis below, markets A and A∗ are exogenous (each producer of variety i holds a negligible
share of the market), and input costs c are normalized to one. All indices i are dropped in the follow-
ing, and Schumpeterian growth is expressed as (1− z)Y(p− c/af′

i )− FM, where FMis the fixed cost of
a high market share and 1-z indicates creative destruction that occurs when a firm is replaced by a
new entrant with probability z. Using the transformation f1 ; (s− 1)s−1s1−s(f′

1)
s−1 and setting

variable costs at unity c = 1, the profits can be expressed as follows: p1(i) = (1− z)f1(A+ A∗)− FM.
A more heuristic model, such as that proposed by Aghion, Akcigit, and Howitt (2014), separately
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introduces the production of ideas from R&D work. The value of ideas depends on the amount of
existing innovation (with nonlinearity through ‘leaning on shoulders’ and possibly ‘stepping on
toes’ when too many are engaged in R&D).

In a low-market-share firm with a fixed cost FM, the firm’s maximum profits depend on the avail-
ability of an additional market to enable it to become a high-market-share firm, i.e.

p0(M = 1, N = 0) = lf0(A+ A∗)–FM − FI , (1)

and to make an additional innovative investment, i.e.

p1(M = 1, N = 1) = (1− z)f1(A+ A∗)–FM–FN , (2)

where FI are the fixed costs in imitative growth, and FN is the fixed investment in innovative growth.
Thus, firms become high-market-share firms (M = 1) with no innovations when f0exceeds the pro-
ductivity levelf0 . FM/lA∗. Some low-market-share firms decide both to attempt to gain a high
market share and to innovate p1(M = 1, N = 1) rather than not acting p0(M = 0, N = 0) and obtain-
ing productivity f1 with a probability of 1-z; see also Lileeva and Trefler (2010); as follows:

p1 − p0 =[lf0A
∗ − FM]+ [((1− z)f1 − lf0)A− (FN − FI)]

+[((1− z)f1 − lf0)A
∗]

(3)

The first term in the brackets in (1) equals the increase in profits from gaining a high market share
without investing in innovation. The second and third terms in the brackets equal the increase in
profits from investing in innovation in the same market as before A (second term) and new
markets A* (third term). FN − FI equals the difference between the fixed costs in investing in innova-
tive growth FN and those in investing in imitative growth with no innovations FI . The third term shows
that innovation and a higher market share are complements. Importantly, as described in Lileeva and
Trefler (2010), in (3), innovations may decrease at the initial productivity level given the negative
effect of initial productivity through the second term when imitative growth is the outside option
lf0A− FI . 0 rather than zero profits. In addition, higher creative destruction z showing general
risks related to the possibility of staying in the frontier discourage innovations. Hence, firms far
from the frontier may engage in innovation activity only if the expected productivity growth is
very high. This negative selection leads to a decrease in productivity growth during initial pro-
ductivity. The following condition is required for positive innovations and an additional market share:

f1 .
lf0

1− z
A

A+ A∗
+ FN − FI + FM

1− z
A

A+ A∗
(4)

Productivity (and hence profitability) must be high enough to compensate for the opportunity costs
created by imitative growth, creative destruction z and the fixed costs. Imitative growth is also higher
at a low level of initial productivity. However, pricing power yields a higher value of productivity
transformation f1. The negative selection arises particularly from the high fixed costs of innovative
activity relative to imitation and the acquisition of a large market share. This can be also interpreted as
high IC innovation costs relative to imitation (such as acquiring external IC) FN − FI and by the costs of
maintaining a high market share FM. Moreover, among low-productivity firms that find imitative
growth profitable (l is high), only those with very high growth prospects choose to innovate.

4. Data

Statistical firm-level financial account data in Finland are linked to statistical employee data regarding
incomes and occupations in Finland. These data form an unbalanced panel of manufacturing and
service firms during the 1995–2013 period with a minor loss of observations; the data cover the
recovery from the recession of the early 1990s and the financial crisis starting in 2008. The dataset
linked with financial data is representative of manufacturing (NACE C) and market services (G, H, I,
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J, L, M, N) overall for firms with an average of 10 employees or more. Financial services (K) are
excluded, and in these industries, less than 1% of firms are public or public cooperatives. Occu-
pational data, including educational degrees attained, are added to these panel data to calculate
the labor costs related to intangible work and the number of intangible-type workers. Process and
product innovations are studied by applying a Finnish innovation survey (community innovation
survey CIS) with a dichotomous value representing their presence. The analysis uses an enlarged
innovation survey sample that includes gap years of approximately 2,300 firms, which cover 20%
of the 11,000 total firms in manufacturing and services per year. Extending the innovation survey
data from every second year to the gap years doubles the estimation sample from 17,950–35,400
firm-year observations. Including the gap years is possible since dichotomous process and product
innovations receive the same value in the preceding innovation survey year (the innovations are sur-
veyed over the current year and the previous year). The analysis is restricted to an enlarged inno-
vation survey data panel linked to the full register data of these firms also in the gap years. The
enlarged innovation survey (which includes the gap years) covers half of the observations of large
firms with over 250 employees in manufacturing and services, whereas the equivalent share of
SMEs (with 250 employees or fewer) is 14%. In the analysis data, the median firm has 47 workers,
while the median firm in all manufacturing and services is 20 with at least 10 workers on average
(this median reduces to 2.7 after including firms with fewer than 10 workers). Obtaining long-term
panel data and broad intangibles from the register rather than survey data allows the use of
advanced econometric methods. However, we also apply a comparison of formal R&D based on
an annual R&D survey that has somewhat better coverage of R&D than the Finnish innovation survey.

Process and product innovations are highly correlated, as reported in other studies. Therefore,
Griffith, Huergo, and Mairesse and Hall and Sena (2017) analyze product and process innovations sep-
arately. Firms with process innovations constitute a large proportion (34%) of the firm-year obser-
vations in the innovation sample. In the enlarged innovation survey sample used in the analysis,
16% of firm-year observations have only product innovations. We separately analyze firms with
only product innovations (referred to as product innovations) and firms with process innovations
(one-third of which have concomitant product innovations). Product innovations (excluding those
with process innovations) are sensitive to exports (used as an instrument). Process innovations (con-
sidered with or without production innovations) are more responsive to imports (used as an
instrument).

The employee data in the manufacturing and services sample cover on average 700,000 employ-
ees annually between 1995 and 2013 and include a rich set of variables covering compensation, edu-
cation, and profession. The data encompass the labor costs of skilled workers (annual earnings
including performance-related pay) based on tertiary educated workers, who are used to evaluate
intangible investment, as explained below. Nonconsolidated firm data on profits, value added, and
tangible capital intensity are used. IC workers include OC workers related to management and mar-
keting, R&D workers and ICT workers. The occupational information of the tertiary educated workers
is used to calculate IC work following the International Standard Classification of Occupations (ISCO)
(http://www.ilo.org/public/english/bureau/stat/isco/). Most occupations within the top three major
groups (managers, professionals and technicians and associate professionals) involve IC activities
contributing to the accumulation of know-how within firms.

R&D work covers R&D managers; science, engineering and health professionals (excluding tele-
communication professionals); and associate professionals in science and engineering. ICT work is
related to information and communication professionals and technicians as well as telecommunica-
tion engineering professionals. Organizational work is related to all types of management regardless
of industry as well as professionals in business and administration, legal and related areas.

Appendix A provides a detailed description of the innovative work coding in IC work. Workers are
additionally considered ICT workers in other IC occupations if their educational field (ISCED2011) is
computing, OC workers if their education field is social sciences and business and R&D workers if
their educational field is technical. The occupational classification is similar to that used by
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Squicciarini and Le Mouel (2012), who use US Occupational Information Network (O*NET) data. Skilled
workers do not spend all their working time on innovative purposes. Table A1 in the Appendix shows
that the share of this work dedicated to producing IC is assumed to be 25% among OC workers, 50%
among R&D workers and 35% among ICT workers. The shares approximately follow the Innodrive FP7
described by Görzig, Piekkola, and Riley (2010) and Piekkola (2016) (using another functional classifi-
cation, occupations are available in Finland with the categories of R&D, OC and ICT work). The share of
IC work among all employees is 4.7% in OC, 1.6% in ICT, 5.6% in formal R&D and 8.2% in broad R&D. A
fairly large share of organizational work is also suggested by Squicciarini and Le Mouel (2012), who
also analyze ICT and OC work together. Here, IC work is excluded from the employment figures to
avoid double accounting. Schankerman (1981), Hall and Mairesse (1995), and other scholars have
shown that the estimated output elasticity of R&D is downward biased without correcting for
double counting.

Intermediate and capital costs are also incurred in the production of IC goods in each industry.
These goods are evaluated based on the combined value added of labor costs, intermediate
inputs, and tangible capital in R&D services (NACE M72). In other industries, not only IC work but
also a part of the intermediate inputs and tangible capital are used to produce internal IC, which
can be separated from the production of final goods. The EU Innodrive 2008–2011 sixth framework
project (FP6) provides the methodology described in Piekkola (2016) and Görzig, Piekkola, and Riley
(2010), which is used to combine IC labor inputs with other factor inputs to produce IC investment.
The use of intermediate inputs and tangible capital in intangible investments as the factor multiplier
is evaluated based on the benchmark of all IC-producing services (a large part of NACE J and M) and
not only R&D services. Real expenditure-based investments of type IC = OC, R&D, and ICT are as
follows:

PNjtN
IC
it ; AICWIC

it , (5)

whereWIC
it represents the labor costs of IC workers in firm i multiplied by the combined multiplier AIC

(the product of the share of work effort devoted to IC production and the factor multiplier from Table
A1). The share of work effort devoted to IC work is 20% in OC work, 50% in ICT work and 70% in R&D
work. The factor multiplier is the intermediate and capital costs of one unit of innovative work set to
represent the entire EU27 area and is the weighted average of the factor multipliers in Germany (40%
weight), the UK (30% weight), Finland (15% weight), and the Czech Republic and Slovenia (both
countries have weights of 7.5%). The combined multiplier Az is 1.76 in OC wage expenses, 1.55 in
R&D wage expenses, and 1.48 in ICT wage expenses. Notably, the main findings are not sensitive
to the value of the constant AIC . PNjt is the deflator in industry j proxied by the business services
(NACE M) deflator rather than the deflator for R&D services (M72), as is commonly used in national
statistical institutes.

Broad R&D refers to R&D investment evaluated based on innovative work combined with pur-
chased R&D, as reported in the R&D survey. Formal R&D (the sum of internal and external survey
R&D) is a standard measure of innovation input. The R&D work measure of R&D may differ from
formal R&D in its effects. Figure 1 shows that the total broad R&D per total employee (blue line) is
on average approximately 12 thousand 2010€ per employee, while the total formal R&D per total
employee (red dashed line) increased over time to approximately 18 thousand 2010€ per employee
by 2007. This amount is more than the average tangible investment of 13 thousand 2010€ per
employee.

The sum of the OC and ICT investment intensity is approximately 3.7 thousand 2010€ and 4 thou-
sand 2010€, respectively. Organizational or firm-specific human capital and ICT are the largest sub-
categories of intangible investment in many other studies (Van Ark et al. 2009; Bloom and Van
Reenen 2010; Piekkola 2016).

Table 1 shows a summary of the variables; the final column shows the share of firms with positive
values used in the calculation. The value added, which on average is 104 thousand 2010€ per

ECONOMICS OF INNOVATION AND NEW TECHNOLOGY 7



employee, includes IC investment. Finland is a small open economy, and the average value of exports
and import per employee are close to the value of value added created. One-fifth of firms are foreign
owned, and half of firms are a part of a larger group. The number of employees has a mean value of
149 and a median value of 40. Summary Table 1 shows that the average productivity growth (logar-
ithmic difference of the value added per employee) is slightly positive (0.5%) during this period.
Profitability is measured by the log of return on assets (ROA), which is measured by the operating
income per total assets (not by the net income per total assets, which has many more negative
values). Extreme observations at the 1% and 99% levels of ROA are removed, and the average
ROA is 4.9%. Formal R&D per employee is approximately 18 thousand 2010€. However, only 36%
of firm observations have formal R&D, whereas 84% have broad R&D with 9 thousand 2010€ (occu-
pational R&D/L + external formal R&D/L). The market share in sales is calculated by NACE 3-digit
industries. The overall average dividing line between small- and high-market-share firms is the

Figure 1. R&D, OC and ICT investments per employment between 1995 and 2012 in the enlarged innovation survey sample in
thousands 2010€.

Table 1. Summary table.

Variable Mean Q1 Median Q3 Std Obs 30815/ Share %

Value added per empl. 104.0 50.8 73.2 114.0 207.0 99
Productivity growth .00486 −.135 .00511 .151 .435 98
Return on assets (ROA) 0.048 −0.0131 0.0489 0.125 4.0432 100
Retained earnings (operating income) per empl. 27.7 4.01 9.93 22.3 181 70
Employment 149.0 18.0 40.4 111.0 525.0 100
Tangible investment per empl. 13.3 1.54 4.19 10.6 77.6 92
Broad R&D investment per empl. 9.33 1.71 3.73 8.51 37.1 84
Formal R&D investment per empl. 17.6 1.87 5.03 15.3 42.3 36
Organizational investment per empl. 5.1 1.34 2.8 6.12 6.77 88
ICT per empl. 4.53 .269 .655 2.13 10.2 55
Exports per empl. 99.3 3.23 29.3 107.0 279.0 47
Imports per empl. 96.4 3.53 21.5 75.8 389.0 52
Market share .0319 .00158 .0052 .0191 .0855 100
Foreign owned .181 0.00 0.00 0.00 .385 100
Part of group .528 0.000 1.000 1.000 .499 100

Figures in thousand 2010€ (per employee).
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median value of the market share in sales, i.e. 0.8% in manufacturing and 0.3% in business services
(which are usually smaller in size).

ICs are concentrated in IC-intensive firms, but the large differences between the mean and median
values are also explained by the omission of IC-type work from the employment figures. Table A2 in
the Appendix shows that service firms invest more intensively in OC (median value of 5.2 thousand
2010€ per employee) and ICT (median value of 1.5 thousand 2010€ per employee) than manufactur-
ing firms (median values of 2.2 thousand 2010€ and 0.4 thousand 2010€, respectively). Service firms
(34% of all sample firms) display approximately double the amount of formal R&D per employee, with
a median value of 9.2 thousand 2010€, compared to manufacturing firms, with a median value of 4.4
thousand 2010€, and have more SMEs (a median size of 30 employees compared to 48 in manufac-
turing). However, only 24% of service firms report any formal R&D, while 44% of manufacturing firms
do. Among service firms, the broad R&D coverage of 83% is almost the same as that among manu-
facturing firms, i.e. 87%, with median values of 4 thousand 2010€, but again, this coverage is more
concentrated in some service firms. Some services can also be labeled IC-producing services (J, L,
M) because they provide IC intermediate input to other companies; see Piekkola (2018). Service
firms also rely more on imports (an instrument for R&D in process innovations), while manufacturing
firms rely more on exports (an instrument for R&D in product innovations).

5. Estimation of innovation output and firm performance

The CDM model proposed by Crepon, Duguet, and Mairessec (1998) corrects for endogeneity issues
in various steps. In the original model, the first step adjusts for sample bias in the innovation input
(ICs), and the second step explains innovation output with innovation inputs, which are instrumented
by the first-step estimation. Here, we do not apply Heckman estimation to adjust for sample bias
since the non-zero values of broad R&D (our preferred way to measure R&D) cover almost the
entire sample, with 83% of firm-year observations. We use instrumental probit estimation to
correct for endogeneity in the innovation input. Finally, Woolridge’s (2010, 939) IV-2SLS is used to
predict innovations (process innovations or product innovations), and these are used in the final
step as instruments rather than as regressors, as would be the case in CDM; see below.

In general, the excluded instruments are assumed to have no direct effect on the innovation
output and only an indirect effect through innovation inputs. The endogenous variables are R&D
per employment and tangible investment per employment (K/L), and the exogenous variables are
ICT per employment. All of these can be considered ‘fixed costs’ in the theoretical model that
enter the decision to innovate in (4). The final step is productivity growth estimation following an
IV-GMM estimation using the Wooldridge (2010) modification with cluster-robust standard errors.
Productivity is measured by value added per employee, where value added includes the user cost
of R&D, OC and ICT (with a rental value of 4% and a depreciation value of 20% for OC, 33% for ICT
and 15% for R&D).The procedure is performed in two steps, as follows:

(a) Estimation of the IV probit ML to obtain the fitted probabilities of process innovations and
product innovations IN in firms i over years t.

IN∗
it =Yitb1 + X1itg+ Zitb2 + uit

Yit =X1it
∏
1

+X2it
∏
2

+vit
(6)

where the explanatory variables of dichotomous innovations IN include a matrix of endogenous Y ,
exogenous X1 and control variables Z;X2 is a vector of excluded instruments; and the equation for
IN is written in the reduced form. Residuals u and v are normalized to one. Instead of IN∗

it , we observe

IN it = 0 IN∗
it , 0

1 IN∗
it ≥ 0

{
. (7)
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The order condition requires that the number of exogenous and control variables not be less than the
number of endogenous variables. The likelihood function of ML is straightforward. Similar to Van
Leeuwen and Mohnen (2017), the lagged values of predicted innovations (eco-innovations in Van
Leeuwen and Mohnen) are used to ensure exogeneity.. The exogenous variables include K/L, employ-
ment (as a proxy for firm size), retained earnings per employment and its square, all in logs and
lagged. The control variables are foreign owned, a part of a group, 143 NACE 3-digit industries
and year dummies.

The excluded instruments of the log of R&D per employment and the log of K/L include inter-
national trade or service intermediate inputs per employee, all of which are lagged, and the
dummy for the greater Helsinki area. Regional dummies, such as the dummy for the greater Helsinki
area, are important instruments in explaining the productivity effects of public R&D subsidies, as
described by Piekkola (2007). External demand shocks, such as exports, cause exogenous variation
in the innovation inputs used in product innovations. Imports and service intermediate inputs are
used instead of exports in the innovation model explaining process innovation. Imports and
service intermediate inputs can be alternatives for the production and R&D needed for process inno-
vations. Hall, Lotti, and Mairesse (2009) also use dummies for the presence of European, international
or domestic competitors related to trade. Keller and Yeaple (2009) find only weak evidence of tech-
nical import spillovers; thus, these spillovers may be more closely related to the use of R&D than to
productivity. The instrument includes the log K/L lagged up to the second period.

(b) Estimation of productivity growth by IV-GMM including lagged predicted occurrences of
process and product innovations as instruments for process and product innovations. The general-
ized method of moments (GMM) is a generic method used to estimate parameters in statistical
models and is robust against arbitrary heteroskedasticity and intracluster correlation. As discussed,
we follow Woolridge’s (2010, 939) IV-2SLS to use predicted innovations (predicted process or
product innovations) as an instrument; see also Musolesi and Huiban (2010).

The generalized method of moments (GMM) IV-GMM estimator of log productivity (value added
per employment) growth applied here also includes all lagged values of the explanatory variables as
instruments:

DVA = Xb+ u, u � (0, V) (8)

where DVA is the growth of value added, andX (N x k) is the matrix of k explanatory variables. IV-GMM
defines matrix Z (N x l), where l . k, and the excluded instruments of the lagged occurrence of inno-
vations and the growth of capital investment are two-period lagged predicted occurrences of process
and product instruments and the log growth of capital investment lagged up to the two periods. The
l instruments create a set of l moments gi(b) = Z′

i ui = Z′
i (DVA− xib), i = 1, N, where each gi is an

l-vector. GMM considers each lmoment equation a sample moment, which is estimated by averaging
over N as follows:

�gi(b) =
1
N

∑N
i=1

zi(DVAi − xib) = 1
N
Z′u. (9)

GMM estimates bGMM solve this equation. The productivity growth estimation includes the lagged log
productivity growth and log of employment growth, specifically the latter because most employment
savings originate from efficiency improvements in old technology. The lagged innovations and log
growth of capital investment per employment are instrumented by two-period lagged predicted
occurrences of innovations and log K/L lagged up to the second period to ensure exogeneity.
Lags are introduced because of the long-term panel structure that considers that a longer time
may be needed for innovations to lead to an increase in productivity growth. All estimations
include 23 NACE 1-digit and year dummies.

We also use a similar IV-GMM estimation to explain profitability. An essential feature is that profit-
ability (ROA) is explained relative to the median value of ROA in the NACE 3-digit industry instead of
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its growth, which is defined as ΔROA; see Eisenberg, Sundgren, and Wells (1998). ΔROA is more rel-
evant than its counterparts. ROA highly varies among industries, and the alternative would have to
include book values as an explanatory variable. The regressors include the log of employment rather
than the log of employment growth. The lagged innovations and log of K/L are instrumented by two-
period lagged predicted occurrences of innovations, as before, and the log of K/L lagged up to the
second period.

6. Estimation results

We first analyze all firms jointly without separating the low- and high-market-share firms, but we
compare the models with broad R&D to those with formal R&D as innovation inputs. Table 2
shows the marginal effects from the innovation output estimations using either broad R&D or
formal R&D as inputs. The innovation equation includes lagged ICT investments that enable business
processes and new work practices and are a part of the technological environment found to be
important by Van Leeuwen and Klomp (2006). Van Ark (2016) also argues for a shift from ICT invest-
ment to ICT services, which is measured here given that digitalization is entering its deployment
stage.

Columns 1–2 apply formal R&D, and columns 3–4 apply broad R&D with the excluded instruments
discussed in the previous section. The Wald test of exogeneity rejects the null hypothesis of exogene-
ity (rho = 0); thus, the error terms in the probit and instrument regressions of endogenous R&D are
correlated, and instrumenting the endogenous variable is necessary.

According to Table 2, as innovation inputs, formal R&D per employee and broad R&D per
employee enhance process and product innovations. Broad R&D has coefficients that are similar
to but stronger than those of formal R&D, with common determining factors (coefficients in the

Table 2. IV probit regression of process and product innovation output, 1996–2013.

Formal R&D Broad R&D

Process innovation Product innovation Process innovation Product innovation

Formal R&D/L t−1 0.210***
(0.013)

0.164***
(0.015)

– –

Broad R&D/L t−1 – – 0.286***
(0.018)

0.330***
(0.014)

ICT/L t−1 −0.003
(0.004)

−0.008*
(0.004)

−0.014**
(0.005)

−0.031***
(0.004)

Employment t−1 0.010
(0.014)

−0.116***
(0.011)

−0.023
(0.017)

−0.162***
(0.008)

Tangible capital/L t−1 0.012***
(0.003)

−0.006
(0.003)

0.009*
(0.004)

−0.010***
(0.003)

Retained earnings/L t−1 0.032***
(0.009)

0.047***
(0.010)

0.030***
(0.009)

0.059***
(0.008)

Retained earnings
squared/L t−1

−0.003***
(0.001)

−0.004***
(0.001)

−0.003***
(0.001)

−0.006***
(0.001)

Foreign owned −0.073**
(0.026)

0.063*
(0.031)

−0.358***
(0.035)

−0.343***
(0.037)

Part of group −0.077***
(0.023)

−0.034
(0.026)

−0.272***
(0.032)

−0.326***
(0.030)

Constant −1.398***
(0.064)

−0.897***
(0.052)

−2.143***
(0.046)

−1.758***
(0.046)

Observations 30764 30815 30764 30815
Chi2 7082.837 2585.289 8046.877 8915.367
Log likelihood −9.94e + 04 −9.40e + 04 −9.14e + 04 −8.61e + 04
Exogeneity p-value 0.000 0.000 0.000 0.000

All variables except dummy variables are in logs. In process innovations, excluded instruments for R&D per employee include
imports, service intermediates (columns 1 and 3), all per employee in logs and lagged. In product innovations, excluded instru-
ments for R&D per employee include lagged exports per employee in logs and lagged (columns 2 and 4). 143 NACE 3-digit indus-
tries, year dummies and the greater Helsinki area dummy are included. P-values: *p < 0.05, **p < 0.01, ***p < 0.001.
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first-step instrument estimations are not reported; see Table A2 for the full table when broad R&D is
considered separately for low- and high-market-share firms). Broad R&D has wide coverage, with 30%
to 100% higher marginal effects. Therefore, broad R&D emphasizes the significance of innovation
activity in increasing productivity growth. The marginal effects of approximately 0.2–0.3 are consist-
ent with the magnitudes reported by Griffith et al. (2006) and Mairesse and Mohnen (2004) but are
lower than the 0.5 value reported by Hall, Lotti, and Mairesse (2009) and greater than the 0.1 value of
process innovations reported in Hall and Sena (2017). Notably, earlier approaches used in the 2000s
relied on cross-sectional comparisons in which the elasticities were expected to be higher because
they were subject to upward bias caused by unobserved firm characteristics.

In Table 2, formal R&D better captures the firm characteristics of being part of group or being
foreign owned (since their direct coefficients are small). Foreign-owned firms and firms that are a
part of a group engage in less innovation after all variables are controlled for. Finland does not
appear to have performed very well in absorbing foreign innovative firms. ICT per employee is
also an important determinant of R&D activity (see first-step results reported in Table A3 in Appendix
A for later analysis), but the direct effects on innovation are not significant. ICT services are concen-
trated in services and do not proxy software or databases very well. Firms that have retained earnings
appear to create more innovations, highlighting the importance of financial constraints.

The following step applies labor productivity growth and profitability estimations. In Table 3, the
first three columns show the productivity effects using formal R&D, and the final three columns show
these effects using broad R&D. Given the endogeneity of innovations and the considerable time
before new innovations lead to higher productivity, the model uses lagged innovations and instru-
ments these innovations with two-period lagged predicted occurrences of process and product inno-
vations. The K/L growth is also endogenous, and the model includes first- and two-period lags of
tangible investment per employment to control for productivity shocks (see notes in Table 3). The
Hansen J statistic p-values show that the instruments are generally valid at the 5% confidence
level. The Kleibergen-Paap Wald p-value shows that the models are not underidentified.

The general conclusion is that process and product innovations have a positive effect on pro-
ductivity growth regardless of whether formal or broad R&D is used as the innovation input.
Process innovations increase productivity growth by approximately 25% (the strongest effect is

Table 3. GMM productivity growth estimates (in log), 1999–2013

With formal R&D With broad R&D

Productivity t−1 −0.218***
(0.011)

−0.210***
(0.011)

−0.222***
(0.011)

−0.221***
(0.011)

−0.215***
(0.012)

−0.234***
(0.012)

Process innovation t−1 0.240***
(0.024)

– 0.205***
(0.023)

0.284***
(0.026)

– 0.279***
(0.026)

Product innovation t−1 – 0.303***
(0.041)

0.184***
(0.039)

– 0.454***
(0.055)

0.385***
(0.051)

K /L growth t, t−1 −0.003
(0.002)

−0.007**
(0.002)

−0.003
(0.002)

−0.002
(0.002)

−0.007**
(0.002)

−0.002
(0.002)

Employment growth t, t−1 −0.428***
(0.025)

−0.413***
(0.025)

−0.423***
(0.025)

−0.431***
(0.025)

−0.411***
(0.026)

−0.424***
(0.025)

Constant 2.390***
(0.120)

2.340***
(0.121)

2.422***
(0.122)

2.406***
(0.121)

2.380***
(0.124)

2.503***
(0.126)

Observations 18396 18419 18396 18396 18419 18396
R squared non-centered 0.170 0.155 0.196 0.139 0.053 0.111
R squared centered 0.170 0.155 0.196 0.139 0.053 0.111
Kleibergen-Paap Wald p-value 0.000 0.000 0.000 0.000 0.000 0.000
Hansen J statistic p-value 0.095 0.000 0.036 0.232 0.000 0.184

All variables except dummy variables are in logs. GMM instruments are exogenous variables lagged by one period. Dummies cover
NACE 2-digit industries and years. The instrumented variables are lagged process and lagged product innovations and log growth
of tangible investment per employee. The excluded instruments include either second-period lagged predicted occurrence of
process innovations (models 1 and 4), second-period lagged predicted occurrence of product innovations (models 2 and 5)
or both when lagged process and lagged product innovations are instrumented simultaneously (models 3 and 6). The excluded
instruments also include log of tangible investment per employee lagged up to the second period. P-values: *p < 0.05, **p < 0.01,
***p < 0.001.
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observed using broad R&D). Product innovations increase productivity growth by 25–40%, and the
higher estimates are observed using broad R&D as the instrument. Since the estimates are the
highest using broad R&D as the input in the earlier step 1, other technical innovation activities that
do not constitute formal R&D according to the Frascati definition of the OECD appear to create a con-
siderable share of the innovative value added. Notably, we applied separate trade instruments for
process innovations and product innovations in the step 2 probit estimations; thus, the instrumented
predicted innovations in the third-step productivity growth equation are less correlated. Therefore,
Table 3 shows that the productivity growth estimates of process and product innovation remain
approximately the same regardless of whether they are considered separately or together.

The negative coefficient of lagged productivity suggests a high convergence rate of 20% relative
to the rate of approximately 2% found in country-level analysis, such as that performed by Barro
(2015). Negative selection also drives the results besides imitative growth. The growth of both tan-
gible capital/L and employment has a negative effect on productivity growth. The causal effect is
likely due to efficiency improvements in old technology, which create employment and tangible
investment savings.

In addition to the operational performance indicators, we consider financial performance indi-
cators ROA (proxied by operating income per total asset) and operating income per employee.
Table 4 shows the profitability (ROA) effects of innovations compared to the median value in the
industry ΔROA. The lagged log of innovation output and log K/L (in level) are instrumented by the
second-period lagged predicted occurrence of innovation and the lagged log of K/L up to the
second period. In most cases, the set of instruments passes the test of the Hansen J statistic.
Table 4 shows that process innovations may or may not increase while product innovations
always decrease relative profitability (ΔROA). The ambiguity in process innovations arises from the
opposite effects on low- and high-market-share firms (see Table 6) or manufacturing and services
(see Table 7). Finally, profits increase with the tangible investment intensity.

Venkatraman and Ramanujam (1986) consider market share position and new product introduc-
tion as good operational performance indicators. Large-market-share firms have on average 46 thou-
sand 2010€ R&D per employee, whereas low-market-share firms have 10 thousand 2010€ R&D per
employee. The shares of periods with process innovations is 46% and product innovations 17% in
large-market-share firms; these figures are 10% and 15%, respectively, in low-market-share firms.

Table 4. GMM profitability estimates (ΔROA) of formal and broad R&D.

Formal R&D Broad R&D

Process innovation t−1 −0.028
(0.016)

– 0.355*
(0.148)

0.028
(0.020)

– 0.064**
(0.022)

Product innovation t−1 – −0.138***
(0.020)

−0.135*
(0.055)

– −0.146***
(0.023)

−0.167***
(0.026)

Tangible investment/L t 0.005***
(0.001)

0.005***
(0.001)

−0.163*
(0.076)

0.004**
(0.002)

0.005***
(0.001)

0.004*
(0.002)

Employment t 0.004*
(0.002)

0.001
(0.001)

0.044*
(0.022)

−0.000
(0.002)

0.000
(0.001)

−0.004
(0.002)

Constant −0.060***
(0.011)

−0.038***
(0.011)

0.945*
(0.444)

−0.055***
(0.011)

−0.037**
(0.011)

−0.029*
(0.012)

Observations 18702 18725 18702 18702 18725 18702
R squared non-centered 0.037 −0.024 −5.417 0.036 −0.031 −0.118
R squared centered 0.042 −0.018 −5.381 0.041 −0.026 −0.112
Kleibergen-Paap Wald p-value 0.000 0.000 0.018 0.000 0.000 0.000
Hansen J statistic p-value 0.198 0.225 0 0.218 0.226 0.242

All variables except innovations, 23 NACE 1-digit industries and year dummies are in log. GMM-type instruments are exogenous
variables lagged by one period. Instrumented variables are lagged process, lagged product-only innovations and tangible capital/
L. Excluded instruments include second-period lagged predicted process innovations (models 1 and 4), second-period lagged
predicted product innovations (models 2 and 5) and second-period lagged predicted process innovations and second-
period lagged predicted product innovations and second-period predicted process innovations when both process and
product innovations are instrumented (models 3 and 6). Excluded instruments also include capital investment/L up to
second-period lag. P-values: *p < 0.05, **p < 0.01, ***p < 0.001.
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Innovations, especially in developing new products, appear to create a significant boost for growth
but likely are explained to a large extent by imitation and negative selection in low-market-share
firms. Subsequently, we separately analyze the low- and high-market-share firms and show some
clear differences, especially in earning profits from innovations. We use broad R&D only because
this variable more comprehensively covers SMEs and services in general (using formal R&D, the
results—available upon request from the authors—are qualitatively similar). Table A3 in the Appen-
dix reports the IV probit estimates including the first-step instrument estimations in explaining broad
R&D. R&D is observed to encourage more process and product innovations in high-market-share
firms. As before in Table 2, the effects of R&D on process and product innovations are very similar
using broad R&D. High-market-share firms are typically large and R&D intensive and also more
likely to have both process and product innovations (categorized as firms with process innovations
here). Furthermore, product innovations by high-market-share firms are more likely to be new to the
market than those of small-market-share firms.

Table 5 shows the productivity growth analysis of firms divided into those with small and high
market shares.

The negative coefficient of lagged productivity in the low-market-share firms is somewhat higher
than that in the high-market-share firms, which can be first explained by imitative growth (see
Equation (3)). The variation between low- and large-market-share firms in innovation coefficients is
larger than the variation between process and product innovation coefficients within low- and
high-market-share firms. Following negative selection, low-market-share firms have higher pro-
ductivity growth from innovation activity. Based on the theoretical model, negative selection is also
positively related to creative destruction (z), but we do not have a proxy to control for this variable.

In Schumpeterian growth, preemptive behavior can also be behind the lower productivity returns
of high-market-share firms. Large firms invest more in innovations to hinder new competitors from
entering the market. Despite the higher productivity growth in low-market-share firms, the
productivity improvement may not improve profitability because the initial productivity is low.
Table 6 shows the profitability effects of innovations by market share.

The profitability effects on low- and high-market-share firms are opposite. Process and product
innovations improve profitability only in high-market-share firms, whereas as shown in Table 4,
the profitability effects on all firms are more or less ambiguous or negative for product innovations.
Product innovation now improves profitability among high-market-share firms, albeit less than
process innovations (that may also include simultaneous product innovations). The profitability
effects of product innovations were always negative when all firms are considered in Table 4. The

Table 5. GMM productivity growth estimates of low- and high-market-share firms using broad R&D (in log).

Low-market-share broad R&D Large-market-share broad R&D

Productivity t−1 −0.248***
(0.018)

−0.270***
(0.020)

−0.271***
(0.020)

−0.204***
(0.014)

−0.192***
(0.014)

−0.209***
(0.015)

Process innovation t−1 0.434***
(0.066)

– 0.414***
(0.066)

0.220***
(0.032)

– 0.238***
(0.033)

Product innovation t−1 –
–

0.393***
(0.073)

0.319***
(0.075)

–
–

0.206***
(0.054)

0.246***
(0.056)

K /L growth t, t−1 −0.000
(0.003)

−0.004
(0.003)

0.001
(0.003)

−0.003
(0.004)

−0.009*
(0.004)

−0.004
(0.004)

Employment growth t, t−1 −0.449***
(0.032)

−0.393***
(0.032)

−0.439***
(0.032)

−0.424***
(0.036)

−0.414***
(0.037)

−0.422***
(0.036)

Constant 2.622***
(0.194)

2.955***
(0.213)

2.845***
(0.209)

2.265***
(0.154)

2.199***
(0.153)

2.282***
(0.156)

Observations 8354 8288 8239 9984 9989 9984
R squared non-centered −0.013 0.119 0.029 0.183 0.196 0.180
R squared centered −0.013 0.119 0.029 0.183 0.196 0.180
Kleibergen-Paap Wald p-value 0.000 0.000 0.000 0.000 0.000 0.000
Hansen J statistic p-value 0.886 0.127 0.879 0.241 0.006 0.206

See note in Table 3. In instruments the predicted occurrences of process and product innovations only are market-share specific
(based on estimations from Table A3 in Appendix).
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diverging effect on profitability depending on the market share is our strongest support for negative
selection among low-market-share firms. In the estimation sample of approximately 31,000 firm-year
observations, innovations new to the market (not only to the firm) constitute approximately 58–60%
of the firm-year observations. Such observations are indeed more frequent in high-market-share
firms (42%) than in low-market-share firms (30%). Hence, the quality of innovations appears better
in high-market-share firms regardless of the type of innovation. In contrast, Hall and Vopel (1996)
find that small firms have more radical innovations. Finally, Table 6 shows that the positive effects
of tangible investments on profitability are limited to low-market-share firms. Tangible capital invest-
ment may better result in a relative advantage on the market for low-market-share firms, i.e. when
pricing power is low.

As a robustness check, we also use the log of retained earnings (operating income) per employee
as a proxy for profitability. The estimation results are shown as Table A4 in Appendix A. The profit-
ability effects of innovations are qualitatively the same as for ΔROA in Table 6, though they are
not always significant. Product innovations may not decrease retained earnings per employee for
low-market-share firms, and process innovations have insignificant positive effects on retained earn-
ings per employee for large-market-share firms.

Table A5 in Appendix using broad R&D as the innovation input shows that the main results are also
consistent when we separately analyze manufacturing firms (60% of all firms), except that in large-
market-share manufacturing firms, process innovations decrease ROA, while the effect is positive
when large-market-share manufacturing and service firms were considered together. In high-
market-share services, product innovations decrease profitability regardless of whether it is measured
by ROA or by retained earnings per employee, although profitability improves when manufacturing
and services are considered together. Table 7 summarizes the main estimation results.

Table 6. GMM ΔROA estimates of low- and high-market-share firms using broad R&D.

Low-market-share broad R&D Large-market-share broad R&D

Process innovation t−1 −0.213***
(0.043)

– −0.193***
(0.044)

0.104***
(0.021)

– 0.103***
(0.020)

Product innovation t−1 – −0.192***
(0.038)

−0.145***
(0.040)

– 0.056*
(0.022)

0.053*
(0.023)

Tangible investment/L t 0.014***
(0.002)

0.011***
(0.002)

0.015***
(0.002)

−0.006**
(0.002)

−0.004*
(0.002)

−0.006**
(0.002)

Employment t −0.001
(0.004)

−0.011***
(0.003)

−0.004
(0.004)

−0.007**
(0.003)

0.003
(0.002)

−0.006*
(0.003)

Constant −0.055**
(0.019)

−0.045*
(0.019)

−0.043*
(0.019)

0.033
(0.017)

−0.000
(0.017)

0.020
(0.018)

Observations 8485 8410 8361 10159 10164 10159
R squared non-centered −0.174 −0.070 −0.119 −0.002 0.049 0.013
R squared centered −0.161 −0.058 −0.106 −0.000 0.051 0.015
Kleibergen-Paap Wald p-value 0.000 0.000 0.000 0.000 0.000 0.000
Hansen J statistic p-value 0.542 0.793 0.615 0.096 0.074 0.091

See note in Table 4.

Table 7. Main productivity growth and profit outcomes of innovations.

All Small market share Large market share

Y/L growth Profit Y/L growth Profit Y/L growth Profit
Process innovation + – + – + + [ + 1]

Manu Serv Manu Serv Manu Serv Manu Serv
+ – – – 1) [–] + + – [+ 1)] + [–]

Product innovation + – + – + +
Manu Serv Manu Serv Manu Serv Manu Serv
+ + 1) – [– 1)] – [+ 1)] + + + –

1) Not a significant estimate. Y/L growth is log growth of value added per employee. Profits are measured by ΔROA or by log of
retained earnings per employee, and the latter are shown only when the results are qualitatively different from ΔROA (in square
brackets). Manu is manufacturing, Serv is services.
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We can conclude that high-market-share firms may allocate resources to innovations to maintain
their monopoly position but are able to generate profits from their innovations. Large-market-share
firms are typically large with less imitative growth and negative selection. Innovations are more profi-
table among firms that have market power. The industry-specific analysis suggests that product inno-
vations are more important for Schumpeterian growth in manufacturing, whereas process innovation
plays the same role in services.

7. Conclusion

This paper uses register-based data to broadly measure R&D, enabling a better analysis of small-
market-share firms. Other technical innovation activities that do not constitute formal R&D create
a considerable share of the value added, and especially among SMEs as suggested by Hall, Lotti,
and Mairesse (2009). The data coverage of low-market-share firms is much larger when we use reg-
ister-based R&D. However, both formal R&D and broad R&D lead to similar results; nonetheless, the
results of broad R&D appear more consistent when both types of innovation are considered, as
shown in Tables 3 and 4.

This paper introduced a theoretical model in which ICs cause high fixed costs. The innovation
system was analyzed with the following two sources of heterogeneity: initial productivity and
whether the firm has market power that can lead to negative selection with higher productivity
growth at low initial productivity and market shares. High fixed costs in innovation and increased
market share encourage firms with low initial productivity to accept innovations with the highest pro-
ductivity growth prospects, especially among low-market-share firms. Low initial productivity leads to
modest if not negative profits, which contrasts the finding for firms with good operational perform-
ance indicated by large market shares. The profitability divergence of innovations among low- and
high-market-share firms is our strongest indication of negative selection in innovations.

Market power and new product (or process) introductions are hence good operational perform-
ance indicators that also indicate that innovations lead to improved profitability. Further, our analysis
suggests that product and process innovations can be qualitatively different in manufacturing and
services. In large-market-share manufacturing firms, process innovations have ambiguous effect on
profitability (ROA decreases, but retained earnings per employee can be higher), while in large
market-share services, product innovations have negative effects on profitability (both ROA and
retained earnings decrease). One caveat of our analysis is that innovation data are not comprehensive
for SMEs in that firms that have completed the survey before and have R&D are more likely to be
selected in the sample in the following survey period(s). Given that only more qualified SMEs are
selected in R&D and innovation surveys, many SMEs may not have the competence to be
engaged in any innovation activity in the first place. However, our broad R&D had better coverage
than formal R&D (positive formal R&D was reported in only 24% of service firms that completed
the innovation survey).

An important policy implication of our analysis still is that formal R&D and broad R&D lead to
nearly the same results, so survey R&D only can lead to the same policy results. An important
reason for this is that export activity was used as an instrument in R&D activity engaged in
product innovations, and import activity is more important in R&D used as input in process inno-
vations. This was also the way to have independent variation between product and process
innovations.
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Appendices

Appendix A. Measurement of intangible capital (IC) and tables

Occupation data are used to evaluate the innovative labor input in IC activities. The following table shows the innovation
occupations chosen using ISCO08 3-digit coding (the earlier ISCO2001 version is shown in parentheses). An important
additional identifier of the different types of IC work is the use of educational information to reallocate the type of IC
work. Workers in the educational field ISCED2011 computing are reallocated to ICT work, and workers with the
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educational field code social sciences and business (at the 1-digit and 2-digit levels) are reallocated to OC work if the
occupation suggests that they are other IC workers (ICT or R&D worker).

Organizational work
Managing directors and chief executives 112 (112)
Administrative and commercial managers 12 (123 all)
Services and administration managers 121, Sales, marketing and development managers 122
Managing, mining, construction and distribution managers 13, 131 (122)
Manufacturing, mining, construction and distribution managers 132 (122)
Professional services managers 134 (122)
Teaching professionals 23 (23)
Business and administration professionals 24 (241 all)
Finance professionals 241, Administration professionals 242, Sales, marketing and public relations professionals 243
Legal, social, cultural and related associate professionals 34 (all) (242)
Legal, social and religious associate professionals 341 (343), Sport and fitness workers 342 (347), Artistic, cultural and
culinary artist professionals, 343 (347)
Business and administration associate professionals 33 (excluding 335):
Financial and mathematical associate professionals 331 (343), Sales, purchasing agents and brokers 332 (342), Services
agents 333 (342)
Administrative and specialized secretaries 334 (332)
OC work is reclassified as R&D work if the educational field code is not social sciences and business and ISCO3 in 1, 12, 13,
23, 24, and 34.
OC work is reclassified as ICT work if the educational code is ISCED2011 computing in 1, 12, 13, 23, 24, and 34.

R&D work
Technical and mathematical work professionals
R&D managers 1223 (1237)
Science and engineering professionals 21 (excluding telecommunication engineering 2153)
Physical and earth science professionals 211 (211), Engineering professionals 212 (212) Mathematicians, statisticians, life
science professionals 213, 214 (212), Electrical, electronic engineering 2151, 2152 (212), Architects, planners 216 (212)
Health professionals 22
Medical doctors 221 (222), Nursing andmidwifery professionals 222 (223), Other health professionals 226 (223), 22 (ISCO3
not available)
Science and engineering associate professionals 31
Physical and engineering science technicians 311 (311), Life science technicians and related associate professionals 314
(321)
R&D work is reclassified as OC work if the educational field code is social sciences and business and ISCO3 in 2, 21, 22, 3,
31, and 32.
R&D work is reclassified as ICT work if the educational field code is International Standard Classification of Education
(ISCED2011) computing and ISCO3 in 2, 21, 22, 3, 31, and 32.

ICT work
ICT managers 133 (1236)
Telecommunication engineering 2153 (213)
Information and communications technology professionals 25
Information and communications technicians 35 (312)
Nursing and midwifery associate professionals 226 (322)

The share of workers who produce intangible goods is set at 20% for OC occupations, 70% for R&D occupations, and
50% for ICT occupations. The share of OC occupations is approximately half of that in the Innodrive-based calculation
reported by Piekkola (2016) in Finland, which applies more precise functional occupations (functions divided into man-
agement, marketing, R&D, etc.) and task quality (IC occupations are at the expert level or higher in each functional occu-
pation category). The low share of OC occupations of 20% is also supported by Squicciarini and Le Mouel (2012), who
argue that day-to-day and administrative activities requiring general skills rather than IC work are common among man-
agement tasks.

Eq. (4) in the main text shows how the use of intermediate inputs and tangible capital in intangible investments is
evaluated based on the benchmark of all IC-producing services. Table A1 summarizes in (4) the combined multiplier AIC

(the product of the share of effort devoted to IC production and the factor multiplier).
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Table A1. Combined multipliers of OC, R&D and ICT.

OC R&D ICT
Employment share 25% 50% 35%
Factor multiplier 1.8 1.6 1.45
Combined multiplier AIC (rounded) 45% 80% 50%

The shortcoming of occupational-based R&D is that it may not meet the definition of technical innovation activity according to the
Frascati manual by the OECD and therefore may entirely miss external purchased R&D (which is included here from survey R&D).
Input-output tables can be used to evaluate external R&D; see industry-level studies such as those performed by Corrado et al.
(2014) and Piekkola (2018).

Table A2. Summary table of manufacturing and services.

Variable Mean Q1 Median Q3 Std Obs/ Share %
Manufacturing, innovation survey sample 18255
Value added per empl. 111.0 10.7 111.0 114.0 0.619 100
Productivity growth .00826 −.133 .0162 .164 .428 100
Return on assets .0477 −.0117 .0493 .122 .152 101
Retained earnings per empl. 11.7 10.5 11.6 12.8 1.86 71
Employment 169 21.2 48 126 580 101
Tangible investment per empl. .00836 .0075 .00845 .00934 .00146 95
Broad R&D investment per empl. .00817 .00754 .00819 .00887 .00114 87
Formal R&D investment per empl. .0084 .00747 .0084 .00935 .00145 45
Organizational investment per empl. 7.6 7.04 7.67 8.24 1.02 86
ICT per empl. 6.02 5.3 5.98 6.7 1.28 50
Exports per empl. 10.2 9.12 10.8 11.8 2.32 58
Imports per empl. 9.57 8.79 9.97 10.9 2.13 59
Market share .0413 .00258 .00767 .0296 .097 60
Foreign owned .156 0.0 0.0 0.0 .363 101
Part of a group .524 0.00 1.00 1.00 .499 101
Services, innovation survey sample 12111
Value added per empl. 115.0 11.0 115.0 12o 0.736 100
Productivity growth −.000269 −.139 −.00753 .13 .445 99
Return on asset .0461 −.0149 .0488 .135 .231 102
Retained earnings per empl. 11.6 10.6 11.6 12.7 1.74 71
Employment 120.0 14.6 29.5 86.3 431 102
Tangible investment per empl. .00809 .00707 .00816 .00915 .00167 91
Broad R&D investment per empl. .00835 .00724 .00831 .00955 .00166 83
Formal R&D investment per empl. .00904 .00775 .00913 .0105 .00189 24
Organizational investment per empl. 8.36 7.61 8.55 9.33 1.28 93
ICT per empl. 7.63 6.32 7.35 9.3 1.91 65
Exports per empl. 7.79 5.71 8.16 10.2 3.13 31
Imports per empl. 8.9 5.87 10.1 12.1 3.83 44
Market share .0179 .00082 .00267 .00994 .0623 40
Foreign owned .219 0.00 0.00 0.00 .414 102
Part of a group .533 0.00 1.00 1.00 .499 102

Table A3. IV probit regression of process and product innovation by market share using broad R&D (first-step instrument
estimations).

Low-market-share broad R&D High-market-share broad R&D

Process innovation Product innovation Process innovation Product innovation
Broad R&D/L t−1 0.254***

(0.018)
0.300***
(0.009)

0.380***
(0.049)

0.397***
(0.052)

ICT/L t−1 −0.012*
(0.005)

−0.031***
(0.004)

−0.016
(0.009)

−0.029***
(0.008)

Employment t−1 −0.127***
(0.017)

−0.168***
(0.013)

0.024
(0.032)

−0.131***
(0.016)

Tangible capital/L t−1 0.012**
(0.005)

−0.005
(0.004)

0.003
(0.006)

−0.016**
(0.005)

Retained earnings/L t−1 0.047***
(0.011)

0.032**
(0.011)

0.022
(0.017)

0.079***
(0.013)

Retained earnings
squared/L t−1

−0.005***
(0.001)

−0.003**
(0.001)

−0.002
(0.002)

−0.007***
(0.001)

(Continued )
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Table A3. Continued.

Low-market-share broad R&D High-market-share broad R&D

Process innovation Product innovation Process innovation Product innovation
Foreign owned −0.223***

(0.045)
−0.282***
(0.038)

−0.389***
(0.063)

−0.295***
(0.079)

Part of a group −0.191***
(0.035)

−0.264***
(0.028)

−0.254***
(0.063)

−0.291***
(0.065)

Constant −1.777***
(0.065)

−1.543***
(0.064)

−2.926***
(0.115)

−2.508***
(0.167)

Observations 15326 15176 15346 15358
Chi2 3286.339 10186.066 3931.500 2455.421
Log likelihood −4.77e + 04 −4.47e + 04 −4.09e + 04 −3.82e + 04
Exogeneity p-value 0.000 0.000 0.000 0.000

R&D per worker
ICT/L t−1 0.114***

(0.009)
0.112***
(0.009)

0.099***
(0.007)

0.102***
(0.007)

Employment t−1 0.481***
(0.036)

0.498***
(0.036)

0.267***
(0.017)

0.269***
(0.017)

Tangible capital/L t−1 0.024*
(0.010)

0.032**
(0.010)

0.029**
(0.009)

0.030***
(0.009)

Retained earnings/L t−1 −0.133***
(0.030)

−0.136***
(0.030)

−0.147***
(0.020)

−0.146***
(0.020)

Retained earnings
squared/L t−1

0.013***
(0.003)

0.013***
(0.003)

0.014***
(0.002)

0.014***
(0.002)

Foreign owned 1.064***
(0.093)

1.060***
(0.093)

0.946***
(0.082)

0.946***
(0.082)

Part of a group 1.004***
(0.059)

1.012***
(0.059)

0.814***
(0.078)

0.804***
(0.078)

Imports/L t−1 0.039***
(0.006)

–
–

0.026***
(0.005)

–
–

Service intermediate/L t−1 0.060***
(0.008)

–
–

0.021***
(0.006)

–
–

Metropoli 0.066
(0.055)

0.099*
(0.046)

0.102**
(0.035)

0.093*
(0.037)

Exports/L t−1 –
–

0.048***
(0.007)

–
–

0.028***
(0.005)

Constant 3.956***
(0.178)

4.200***
(0.172)

4.538***
(0.157)

4.675***
(0.156)

Rho −0.948***
(0.137)

−1.426***
(0.172)

−0.834***
(0.184)

−0.826***
(0.203)

Sigma 1.135***
(0.005)

1.137***
(0.005)

0.647***
(0.010)

0.647***
(0.010)

See footnote in Table 2.

Table A4. Retained earnings estimates of low- and high-market-share firms using broad R&D.

Low-market-share broad R&D Large-market-share broad R&D
Process innovation t−1 −3.144***

(0.827)
– −3.345***

(0.892)
0.949
(0.486)

– 0.908
(0.487)

Product innovation t−1 – −0.757
(0.735)

0.206
(0.826)

– 1.862**
(0.598)

1.849**
(0.600)

Tangible investment/L t 0.364***
(0.045)

0.300***
(0.040)

0.366***
(0.047)

0.136**
(0.046)

0.162***
(0.044)

0.141**
(0.046)

Employment t −0.059
(0.079)

−0.196**
(0.071)

−0.060
(0.084)

−0.013
(0.058)

0.089*
(0.042)

0.011
(0.059)

Constant 4.643***
(0.370)

4.658***
(0.359)

4.689***
(0.383)

5.147***
(0.410)

4.528***
(0.422)

4.712***
(0.440)

Observations 8512 8437 8388 10170 10175 10170
R squared non-centered −0.059 0.037 −0.077 0.050 0.036 0.043
R squared centered 0.663 0.697 0.660 0.706 0.702 0.704
Kleibergen-Paap Wald p-value 0.000 0.000 0.000 0.000 0.000 0.000
Hansen J statistic p-value 0.867 0.949 0.901 0.081 0.073 0.075

See note in Table 4.
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Table A5. GMM productivity growth and ΔROA estimates of low- and high-market-share firms in manufacturing and services,
1999–2013.

Low market share broad R&D Large market share broad R&D
Manufacturing: productivity growth

Process innovation t−1 0.325***
(0.074)

– 0.295***
(0.073)

0.237***
(0.039)

– 0.276***
(0.042)

Product innovation t−1 – 0.267***
(0.075)

0.292***
(0.076)

– 0.164**
(0.06)

0.279***
(0.067)

Observations 5127 5103 5074 6144 6136 6133
Manufacturing: ROA

Process innovation t−1 −0.275***
(0.056)

– −0.241***
(0.056)

−0.053*
(0.025)

– −0.053*
(0.026)

Product innovation t−1 – −0.129***
(0.034)

−0.081*
(0.038)

– 0.070**
(0.022)

0.075**
(0.023)

Observations 5186 5159 5131 6223 6215 6212
Manufacturing: Operating profits

Process innovation t−1 −4.255***
(1.270)

– −3.986**
(1.344)

0.267
(0.814)

– 0.246
(0.843)

Product innovation t−1 – −1.322
(0.825)

−0.507
(0.947)

– 2.910***
(0.767)

2.931***
(0.778)

Observations 5193 5166 5138 6229 6221 6218
Business services: productivity growth

Process innovation t−1 0.449**
(0.158)

– 0.442**
(0.156)

0.397***
(0.095)

– 0.465***
(0.102)

Product innovation t−1 –
–

0.412
(0.222)

0.246
(0.135)

–
–

1.305***
(0.372)

0.999***
(0.299)

Observations 3211 3212 3210 3744 3299 3284
Business services: ROA

Process innovation t−1 −0.094
(0.118)

– −0.036
(0.129)

0.150**
(0.057)

– 0.158*
(0.071)

Product innovation t−1 – −0.315*
(0.157)

−0.294
(0.157)

– −0.497*
(0.225)

−0.686**
(0.254)

Observations 3283 3284 3283 3838 3380 3365
Business services: Operating profits

Process innovation t−1 −0.013
(0.008)

−0.020* −0.019*
(0.009)

−0.007
(0.004)

−0.000
(0.004)

−0.007
(0.006)

Product innovation t−1 −0.168*** −0.160***
(0.037)

−0.160***
(0.037)

−0.019
(0.025)

−0.030
(0.051)

0.016
(0.059)

Observations 0 0 0 0 0 0

See footnote in Table 3 for productivity growth and footnote in Table 4 for ROA. In instruments the predicted occurences of process
and product innovaiton only are industry and market-share specific.
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